Endemic disease transmission is an important ecological process that is 16 challenging to study because of low occurrence rates. Here, we investigate the 17 ecological drivers of two coral diseases --growth anomalies and tissue loss --18 affecting five coral species. We first show that a statistical framework called the 19 case-control study design, commonly used in epidemiology but rarely applied to 20 ecology, provided high predictive accuracy (67-82%) and disease detection rates 21 (60-83%) compared with a traditional statistical approach that yielded high 22 accuracy (98-100%) but low disease detection rates (0-17%). Using this 23 framework, we found evidence that 1) larger corals have higher disease risk; 2) shallow reefs with low herbivorous fish abundance, limited water motion, and 25 located adjacent to watersheds with high fertilizer and pesticide runoff promote 26 low levels of growth anomalies, a chronic coral disease; and 3) wave exposure, 27 stream exposure, depth, and low thermal stress are associated with tissue loss 28 disease risk during interepidemic periods. Variation in risk factors across host-29 disease pairs suggests that either different pathogens cause the same gross 30 lesions in different species or that the same disease may arise in different 31 species under different ecological conditions. 32
3 survival and fitness of the subsequent fish generation [5] . Despite the ecological 48 and evolutionary importance of disease, understanding the factors that increase 49 individual disease risk for endemic diseases with low prevalence or during 50 interepidemic periods for diseases with epidemic cycles can be challenging 51 because of the low probability of observing diseased individuals during non-52 outbreak periods. 53
54
With limited occurrence data relative to nonoccurrence data, commonly used 55 masses of coral skeletons (i.e., tumors) that reduce growth, fecundity, and 94 survival [11] [12] [13] [14] . Growth anomalies in some coral genera (e.g. Porites spp.) have 95 been associated with larger coral colonies [15] located in shallow water (<3 m) 96
[12] with elevated nutrients [16] and in regions with high human populations [17] . 97 Tissue loss diseases, or white syndromes, usually have very low endemic 98 prevalence levels (<1% in the Indo-Pacific) [18] but can be associated with rapid 99 outbreak events resulting in localized mass mortality [19] [20] [21] [22] [23] . This suite of 100 diseases is characterized by progressive tissue loss across the coral colony with 101 lesions progressing slowly (chronic to subacute) or rapidly (acute). Bacterial 102 pathogens cause many tissue loss diseases [24] [25] [26] [27] and can be associated with 103 high coral cover (i.e., density dependent transmission) and temperature stress 104 (e.g. anomalously warm or cold ocean temperatures) [28] [29] [30] [31] [32] . Based on these 105 previous findings, we hypothesize that long-term, chronic stressors are more 106 observations) for all host-disease pairs, but only the models with the case-control 117 design accurately predicted disease occurrence (proportion of disease 118 observations the model correctly predicted as diseased; i.e., the true positive 119 rate). Using colony health state as a binary response variable (0 indicating 120 healthy, 1 indicating diseased; Table 1 ) and a suite of hypothesized risk factors 121 (Tables 2-3), we found that mean predictive accuracies ranged from 98-100% for 122 logistic regression without the case-control design and 67-82% for logistic 123 regression with the case-control design (Fig. 1) . True positive rate, or the 124 proportion of disease observations the model correctly predicted as diseased, is 125 of greatest interest for rare event prediction and mean values ranged from 0-17% 126 for logistic regression without the case-control design and 60-83% for logistic 127 regression with the case-control design (Fig. 1) . Given the moderate-to-high 128 mean predictive accuracies (67-82%) and mean true positive rates (60-83%) for 129 7 create the models and the remaining 20% of observations (test data) for model 140 validation. We calculated accuracy and true positive rates based on the test data. 141
There was an equal number of disease observations in the test data for logistic 142 regression with and without the case-control design. In contrast, the number of 143 healthy observations differed between the test data for logistic regression with 144 and without the case control design: in the case-control design, the number of 145 healthy observations was equal to the number of disease observations whereas 146 without the case-control design the number of healthy observations in the test 147 data was equal to ~20% of the total number of healthy observations. 148 anomalies were identified as important for at least one host-disease pair, with 201 more similar risk factors associated with more closely related hosts. We found 202 one biological risk factor (colony size; Fig. 2 ) common to all hosts, with an 203 approximate 36-137% increase in disease risk of for every 1 cm increase in 204 colony size above the host specific average size, given all other risk factors are 205 held at their average values (Table 4 ). Herbivore fish abundance was the next 206 most common risk factor, with an approximate 5-15% decrease in disease risk 207 for every gram increase in herbivorous fish per meter squared (Table 4) . 208
Montipora species were positively associated with size, and negatively 209 associated with herbivore fish abundance (M. capitata) or host density (M. 210 patula); the genus model (Montipora spp.) consisted of all three biological risk 211 factors (Table 4 ). In contrast, the Porites genus model (Porites spp.) only partially 212 overlapped with the risk factors identified in the species-specific models ( Table  213 4). P. compressa was associated with all risk factors other than irradiance, 214 whereas P. evermanni was only associated with irradiance (in addition to colony 215 size) ( Lines indicate the expected probability of disease occurrence given colony size 243 for a) growth anomalies and b) tissue loss. M. capitata is not shown in b because 244 colony size is not a risk factor in the M. capitata tissue loss model (Table 5) . (Table 5) . Like growth anomalies, we found a 257 positive association with colony size for most hosts with an approximate 33-102% increase in disease risk for every 1 cm increase in colony size ( (Table 5) . P. evermanni overlapped with four of those risk factors (colony 272 size, depth, wave exposure, and human population size). However, the effect of 273 wave exposure differed by host: higher wave exposure was associated with an 274 increased risk of tissue loss in Porites spp. and P. lobata but reduced risk of 275 tissue loss in P. evermanni (Table 5 ). The P. compressa model was the most 276 distinct of the Porites models, with associations with colony size, Hot Snap, and 277 stream exposure (Table 5) . Understanding the ecological conditions that promote endemic diseases with low 293 prevalence and for epidemic diseases during interepidemic periods is central for 294 understanding disease dynamics but can be difficult to investigate using common 295 biostatistical approaches. In this study, we adopted statistical methods better 296 suited towards highly skewed occurrence data to investigate ecological 297 correlates of several coral diseases. We show that the case-control study design 298 improved our ability to predict disease and healthy colony observations with 299 relatively high specificity given a suite of ecological conditions. In contrast, a more traditional biostatistical approach yielded high overall predictive accuracy 301 (heavily biased by successful predictions of healthy state) but often failed to 302 accurately predict the events of interest: disease occurrences. This study 303 highlights the usefulness of the case-control design for ecological questions 304 using infrequent occurrence data. In this study, we identified biological, 305 environmental, physical, and anthropogenic drivers that promote low levels of 306 coral disease and explored how those factors differ across host-disease pairs. 307
These results provide insight into factors that should be explored further through 308 experimental and observational studies and that may be favorable for 309 intervention strategies. 310
311
Among the suite of ecological risk factors that we included in our study, we found 312 that disease risk was consistently higher for larger colonies across host-disease 313 pairs. A positive size-disease relationship has been found in other coral disease 314 studies [15,33,34] and could be associated with exposure area or duration of 315 exposure to potential disease causing agents (biotic or abiotic), or immune 316 function, which is hypothesized to decline with age [35] . Further, a positive 317 relationship between disease prevalence and coral cover has been well 318 established for infectious diseases like tissue loss [13,28,30,31]. However, 319 because the relationship between coral size-frequency distributions and coral 320 cover is not straightforward [36, 37] , it is unknown whether disease prevalence is 321 higher in locations with high coral cover because of many small colonies (many 322 potential susceptible hosts and/or reservoir species) or fewer large colonies (higher susceptibility of certain individuals). Our results provide evidence that 324 highly susceptible corals (i.e., large colonies) drive the positive relationship 325 between disease prevalence and coral cover. Although we found a positive linear 326 relationship between disease risk and size within the range of 0 to 300 cm, it is 327 possible that disease risk saturates or is reduced above some species-specific 328 size threshold (Fig. 2) . Regardless of what the functional form of this relationship 329 looks like across the entire range of colony sizes, the consistent importance of 330 size across different host-disease pairs (effects ranging from 32 to 137% 331 increase in disease risk) provides biological evidence for evaluating disease risk 332 at the colony scale (also supported by simulation models [38]) rather than 333 evaluating prevalence at the transect or site scale as is currently common 334 practice. Such probabilistic models of colony health state could easily be 335 integrated into a hierarchical framework to predict local or regional disease 336 prevalence. 337
338
In addition to colony size, our findings suggest that shallow reefs with low 339 herbivorous fish abundance, limited water motion, and located adjacent to 340 watersheds with high fertilizer and pesticide runoff promote low levels of chronic 341 disease year-round. We found that growth anomalies were more common in 342 reefs with lower herbivorous fish abundance, potentially indicating indirect 343 relationships with macroalgal cover that can harbor pathogens [39] or with more 344 degraded reefs with high fishing intensity and associated impacts. Further, we 345 found that growth anomalies were more likely to occur in shallow water, in reefs decreases), and inside bays and other areas with low wave exposure (possibly 348 because of longer residence times and associated concentration of pollutants). 349
Growth anomalies in P. compressa and P. lobata were more common in 350 locations with elevated levels of pesticide and fertilizer runoff from agriculture and 351 golf courses (increasing disease risk by 23-80%, Table 4 ) and support previous 352 For tissue loss, we found that wave exposure, stream exposure, depth, and 359 thermal stress were commonly associated with disease risk during interepidemic 360 periods, but their precise effects sometimes differed across hosts. Tissue loss 361 was consistently more common in shallow reefs with low thermal stress exposure 362 (Table 5 ). The strong negative association with anomalously warm thermal stress 363 in the summer for P. compressa, P. lobata, and Porites spp. models appears 364 contrary to several previous studies on tissue loss in other regions [28, 30, 31, 42] . Alternatively, disease risk could be highest in winter months because of a time 372 lag between exposure to heat stress and increased host susceptibility to disease. 373
We found that wave exposure and stream exposure were important risk factors 374 for tissue loss as well, but the direction and magnitude of these relationships 375 varied by host. For example, wave exposure was negatively associated with 376 tissue loss in M. capitata, Montipora spp., and P. evermanni but positively 377 associated with tissue loss in P. lobata and Porites spp. (Table 5) . Similarly, 378 stream exposure was negatively associated with M. capitata and Montipora spp. 379 but positively associated with P. compressa. We did not find evidence that these 380 opposing patterns were driven by differences in habitat associations across hosts 381 (Figs. S2-3). One hypothesis that would explain this result is that water 382 movement may be important for transmitting pathogens for some hosts (e.g., P. 383 lobata and Porites spp.) but more stagnant water where pathogens can 384 proliferate may be more likely to promote disease in other hosts (e.g., M. 385 capitata, Montipora spp., and P. evermanni). Alternatively, the association with 386 water movement may be related to water diffusion processes as colonies 387 exposed to high water flow minimize the diffusion boundary layer [44] and could 388 therefore limit exposure to pathogens in areas with high water movement and 389 vice versa. Colony morphology can also affect water diffusion and pathogen 390 exposure as branching morphologies (common in Montipora spp.) are more likely 391
to retain water within their branches compared with massive colonies that tend to potentially associated changes in salinity, sedimentation, and/or land-based 394 pollutant runoff may promote disease occurrence in some hosts (e.g., P. 395 compressa) and decrease disease risk in other hosts (e.g., M. capitata and 396 Montipora spp.). 397
398
The variation in risk factors across host-disease pairs suggests that there may be 399 different pathogens causing the same gross lesions in different hosts or that the 400 same disease may arise in different hosts under different ecological conditions. 401
Corals have a limited repertoire of responses to insult; therefore, disease lesions 402 that are grossly identical, such as tissue loss, could be caused by different 403 pathogens of the same general type (e.g., bacterial pathogens), which has been 404 suggested in other studies [45] . Recent research supports this hypothesis as 405 multiple bacterial pathogens have been identified for tissue loss in Montipora 406 capitata in Hawaii [46] . Alternatively, the same causative agent(s) could be 407 triggered to infect different species under different conditions. Our understanding 408 of coral disease ecology is still limited but our results suggest that there may be 409 specific ecological conditions that support or restrict the spread of specific 410 diseases in each host. Thus, researchers should strongly consider how 411 combining data for multiple species to assess disease risk may impact our 412 understanding of factors that promote transmission. For example, combining 413
species into a single model may be reasonable if the researchers acknowledge 414 that the models will perform best for reefs that reflect the composition of species used in model development. 416
417
This study demonstrates the usefulness of the case-control design to study rare 418 events in space and time using existing datasets with low probability of 419 occurrence, but also provides a path forward for more efficiently collecting new 420 data for future investigations. For example, for studies specifically focused on 421 coral disease, we recommend complementing more traditional ecological 422 assessments that characterize overall reef health, such as belt transect surveys 423 and rugosity measurements, with survey efforts that maximize information on 424 disease observations. Using experimental designs to collect data geared towards 425 rare and/or clustered populations would allow for targetted investigations into the 426 underlying mechanisms that drive disease processes. Therefore, for coral 427 diseases, collecting more extensive information such as size, morphology, 428 geographic location, clustering with nearby diseased colonies, severity of 429 infection, area of affected tissue, etc. allows the use of modeling techniques to 430 better explore the ecology of specific diseases. Such survey designs and 431 associated analyses have already been developed and widely used in other 432 fields such as epidemiology, plant pathology, and conservation biology (e.g., 433
case-control design [47], cluster sampling [48, 49] , line transect surveys [50] ) and 434 could be adapted for coral disease and other ecological studies. Rare occurrence 435 or abundance data is very common in ecology and approaching ecological 436 questions with this statistical design in mind will allow ecologists to more 437 rigorously quantify ecological relationships for infrequent disturbances.
Coral health observations 440
We used coral health observations from the Hawaii Coral Disease Database 441 (HICORDIS) [51] and additional surveys collected by the authors following the 442 same methodologies used in HICORDIS (e.g., 10 x 1 m 2 belt transects surveys) 443 resulting in 362,366 coral health observations collected between 2004 and 2015. 444
We separated the data by host (species or genus of interest) and disease type 445 Table 1 . 451 452
Ecological disease drivers 453
For each coral health observation, we collected biological, environmental, 454 physical, and anthropogenic risk factors corresponding to the time and location of 455 each observation (Tables 2-3) . We selected risk factors based on relationships 456 described in previous studies and based on personal observations (Table 2) . 457
After removing variables that were highly colinear (see Testing for 458 multicollinearity below), our hypothesized risk factors were: (i) biological variables 459 of colony size, host density, and herbivore fish abundance; (ii) environmental 460 variables of anomalous temperature (Hot Snap), rainfall, chlorophyll-a (proxy for outside/inside of an embayment, acute and chronic wave exposure, and stream 463 exposure (proxies for potential terrestrial runoff and retention); and (iv) 464 anthropogenic variables of human population size and agriculture and golf 465 course runoff. Variables reflect short-term (acute, pulse) or long-term (chronic, 466 press) interactions or site characteristics (Table 3) . exposure, irradiance, Hot Snaps, and herbivore fish abundance, we used data 478 from the pixel containing the survey location when possible or else the nearest 479 pixel with available data over the appropriate time period. However, we used 480 herbivore fish abundance data compiled from only one year (2012-2013). We 481 expect this data to adequately represent the spatial structure of herbivore fish 482 abundance across the archipelago. Further, we expect year to year variation 483 within the study period to be minimal, as the major drivers of herbivore fish dynamicsmajor disturbance events [52,53] and protection status [54]were 485 minimized during the study period: there were no changes to marine protection 486 status across the study region and only one major disturbance event (mass coral 487 bleaching in 2015) at the end of the study period. We calculated agriculture and 488 golf course runoff for each ocean pixel as the value from the nearest watershed 489 decayed with distance from shore; therefore, we used the same technique as We used a different combination of risk factors for growth anomalies and tissue 501 loss models because of hypothesized differences in their modes of transmission 502 and etiologies. We included ten hypothesized risk factors in the growth 503 anomalies models and eleven hypothesized risk factors in the tissue loss models; 504 seven risk factors were common to both diseases (Table 2) . 505 506 507
Testing for multicollinearity 508
To test for multicollinearity among risk factors, we calculated the variance 509 inflation factor. The variance inflation factor (VIF) is a ratio that quantifies the 510 amount of multicollinearity among covariates in a regression model by dividing 511 the variance of a model with multiple terms by the variance of a model with a 512 single term. A VIF equal to one indicates a variable is not correlated with other 513 variables, a value between one and five indicates moderate correlation, and a 514 value above five indicates high correlation. We initially hypothesized that, in 515 addition to the risk factors listed in Table 2 , total coral density, wintertime thermal 516 stress (Cold Snaps, Winter Condition), and coastal development should be 517 included as risk factors for both growth anomalies and tissue loss models, and 518 that an additional metric of urban runoff should be included in the growth 519 anomalies model. However, these risk factors had VIF values greater than five 520 indicating strong multicollinearity with other covariates (Fig. S4 ), so we excluded 521 these risk factors from our candidate models. 522 523
Logistic regression without the case-control design 524
We investigated the ecological drivers of each host-disease pair using logistic 525 regression with all available coral health data (Tables 1-3) and assessed model 526 predictive accuracies and true positive rates based on withheld portions of data 527 (see below). The response variable in our logistic regression models described 528 the colony observation health state as 0 for healthy and 1 for diseased. We 529 included the hypothesized risk factors listed in Table 2 (combination dependent on disease type) for the full models with island and month as random effects and 531 conducted backward model selection to find the best fit model based on the 532 lowest Akaike Information Criterion (AIC). We included island and month as 533 random effects to make the model results as comparable as possible with the 534 case-control model results, as the case-control datasets were sub-sampled 535 accounting for island and survey month. We conducted this analysis using the 536 lme4 package [55] in R statistical software v 3.5.1. We used 80% of the data for 537 model development and model selection, and the remaining 20% of data to 538 quantify model predictive accuracy (proportion of total colony observations 539 correctly identified as healthy and diseased) and true positive rate (proportion of 540 disease colony observations correctly identified as diseased). We split the data 541 using the sample function in base R, which selects data in proportion to the raw 542 data (e.g., if the full data has a zero-to-one ratio of 90%-to-10%, then the sample 543 will also contain 90% zeros and 10% ones). 544
545
To ensure that the randomly sampled training and testing data did not bias our 546 results, we repeated our model development and selection and accuracy 547 assessments 500 times. Therefore, for each host-disease pair, we split the full 548 data into 500 paired training and testing datasets, conducted model selection 549 within each training dataset, and then used the most frequently selected best fit 550 model (Table S1 ) to predict health state on the 500 withheld test datasets. We 551 compared predicted health state with observed health state to calculate accuracy 552 and true positive rates within each withheld test dataset and report mean values across all 500 withheld test datasets. 554 555
Logistic regression with the case-control design 556
For the logistic regression analysis with the case-control design, we followed the 557 approach described above except instead of creating 500 randomly selected 558 training and testing datasets from all available coral health data for each host-559 disease pair, we created 500 case-control datasets each with matching numbers 560 of disease and healthy observations and randomly split those case-control 561 datasets into paired training data and testing data (80% training/20% testing). To 562 create each case-control dataset, we selected all disease colony observations for 563 a given host-disease pair, and for each disease colony observation we randomly 564 selected a healthy colony observation of the same host type (by species or 565 genus) surveyed in the same month (but not necessarily year) and from the 566 same island as the disease colony observation. We repeated this process to 567 create 500 case-control datasets per host-disease pair that all had the same 568 disease observations but varied in the paired healthy colony observations. We 569 followed the same process of model development, selection, and testing as 570 described above. Results for the frequency of model selection for the best fit 571 model are available in Table S1 . S1: Number of times the best fit model was selected as the best model within the 500 training datasets. Disease refers to growth anomalies (GA) and tissue loss (TL).
